Zakeri IF, Adolph AL, Puyau MR, Vohra FA, Butte NF. Multivariate adaptive regression splines models for the prediction of energy expenditure in children and adolescents. J Appl Physiol 108: 128 -136, 2010. First published November 5, 2009 doi:10.1152/japplphysiol.00729.2009.-Advanced mathematical models have the potential to capture the complex metabolic and physiological processes that result in heat production or energy expenditure (EE). Multivariate adaptive regression splines (MARS) is a nonparametric method that estimates complex nonlinear relationships by a series of spline functions of the independent predictors. The specific aim of this study is to construct MARS models based on heart rate (HR) and accelerometer counts (AC) to accurately predict EE, and hence 24-h total EE (TEE), in children and adolescents. Secondarily, MARS models will be developed to predict awake EE, sleep EE, and activity EE also from HR and AC. MARS models were developed in 109 and validated in 61 normal-weight and overweight children (ages 5-18 yr) against the criterion method of 24-h room respiration calorimetry. Actiheart monitor was used to measure HR and AC. MARS models were based on linear combinations of 23-28 basis functions that use subject characteristics (age, sex, weight, height, minimal HR, and sitting HR), HR and AC, 1-and 2-min lag and lead values of HR and AC, and appropriate interaction terms. For the 24-h, awake, sleep, and activity EE models, mean percent errors were Ϫ2.5 Ϯ 7.5, Ϫ2.6 Ϯ 7.8, Ϫ0.3 Ϯ 8.9, and Ϫ11.9 Ϯ 17.9%, and root mean square error values were 168, 138, 40, and 122 kcal, respectively, in the validation cohort. Bland-Altman plots indicated that the predicted values were in good agreement with the observed TEE, and that there was no bias with increasing TEE. Prediction errors for 24-h TEE were not statistically associated with age, sex, weight, height, or body mass index. MARS models developed for the prediction of EE from HR monitoring and accelerometry were demonstrated to be valid in an independent cohort of children and adolescents, but require further validation in independent, free-living populations.
sive wearable devices, such as accelerometers and heart rate (HR) monitors, and have been successful in the prediction of EE for groups, but less so for individuals. Multiple sensors and advanced mathematical modeling techniques have the potential to capture the complex metabolic and physiological processes that result in heat production or EE and to improve on the prediction of EE.
The combination of accelerometers and HR monitors has been shown to improve the accuracy and precision of EE predictions (2, 14, 19 -21, 26) . However, the mathematical modeling of the HR and accelerometer counts (AC) to predict EE was limited to simple linear regression or branched equation modeling that do not take into account the complex, dynamic, and nonlinear relationships between EE, HR, and AC over time. Nonlinear methods, such as artificial neural network (ANN), have been used both for classification of activity mode and prediction of EE (16, 26, 27) . A probabilistic ANN was used to extract information about the type, duration, and intensity of activity from the IDEEA multiple sensor system, which, together with energy cost of activities, was used to predict EE (26, 27) . Raw signals from a biaxial accelerometer and subject characteristics were used to develop an ANN model for the prediction of minute-by-minute EE in 102 young adults (16) . Recently, we applied a parametric model, cross-sectional time series (CSTS) analysis, for the prediction of EE from HR and AC (25) . This approach is transparent and accounts for the interdependence of EE, HR, and AC over time.
Here within, we apply another modern statistical technique to predict EE called multivariate adaptive regression splines (MARS) (8) . MARS is a nonparametric regression method that approximates a complex nonlinear relationship by a series of spline functions on different intervals of the independent variable. A key property of MARS over global parametric models, such as CSTS, is its ability to operate locally. MARS allows inclusion of interaction terms, which are active in a localized region of the variables involved. In other words, different subregions of predictors might have different interaction patterns. MARS can be viewed as a generalization of binary recursive partitioning, which includes branched equation modeling, since it overcomes some of the limitations of recursive partitioning. For example, in recursive partitioning, the subregions are disjointed, and, as a result, the approximating functions are discontinuous at the subregion boundaries, which severely limits the accuracy of the approximation in particular when the underlying function is continuous. However, MARS has overlapping subregions, and it produces a continuous model for continuous predictors. MARS results in a class of models with greater flexibility than permitted in recursive partitioning. MARS is computationally feasible due to recent advances in statistical computing and may provide an effective tool to obtain better predictive models for EE.
The primary objective of this study is to develop and validate MARS models based on HR, AC monitoring, and individual characteristics to accurately predict minute-byminute EE, and hence 24-h total EE (TEE) in children and adolescents against the criterion method of room respiration calorimetry. Secondarily, MARS modeling will be applied to predict awake EE, sleep EE, and activity EE from HR and AC.
MATERIALS AND METHODS
Study design. A two-stage study design, including a development phase and a validation phase, was employed. HR and AC were measured simultaneously with measurements of minute-by-minute EE while inside a room respiration calorimeter for 24 h, in 109 children and adolescents for the development phase, and in 61 children and adolescents for the validation phase. The inclusion criteria required the children to be healthy and free from any medical condition that would limit participation in physical activity. The Institutional Review Board for Human Subject Research for Baylor College of Medicine and Affiliated Hospitals approved the protocol. All parents gave written, informed consent to participate in this study.
Subjects. The characteristics of the children who took part in the study are presented in Table 1 . Subjects represented white, black, Hispanic, and Asian children and the age range of 5-18 yr. Forty-eight children in the development group and twenty-six children in the validation group were classified as overweight by the Centers for Disease Control growth charts (11) .
Anthropometry. Body weight to the nearest 0.1 kg was measured with a digital balance, and height to the nearest 1 mm was measured with a stadiometer. Body mass index (BMI) was calculated as weight/ height 2 (kg/m 2 ). Physical activity-HR monitor. The Actiheart (MiniMitter, Respironics, Bend, OR) monitor was secured to the chest of each subject with two electrodes. Actiheart is a compact (7-mm thick, 33-mm diameter, 10-g total weight), ambulatory device equipped with an omnidirectional accelerometer and ECG signal processor. The accelerometer contains a piezoelectric transducer, whose motion sensitivity is greatest along the preferred axis (vertical, when worn as prescribed) but which will produce lesser signals when the motion is perpendicular to the preferred axis. The memory capacity of 128 kb allows data storage for 11 days for the 15-s epoch setting. The piezoelectric element (frequency range 1-7 Hz) generates a transient charge when exposed to time-varying acceleration. This produces a voltage signal, which is converted into a binary signal, resulting in 256 distinct levels of acceleration. The dynamic range of the accelerometer is Ϯ25 m/s 2 (Ϯ2.5 G), and its sensitivity per bit is approximately one count per 0.025 G, or one count per 0.23 m/s 2 . The binary signal is summed up over a 15-s epoch. Actiheart digitizes the ECG signal and calculates the HR from the interbeat interval (IBI). It detects the QRS complex by identifying the location of the R-wave line of steepest descent. The logger firmware applies a digital threshold for this differential value that compensates for variation in the signal level due to physiological changes, noise, and physical movement. Sixteen consecutive IBIs are measured, and the average of the 16 intervals is calculated. Any of the IBI values that are Ͼ37.5% of the average are identified and discarded. The average IBI is recalculated, and its inverse is multiplied by 60 to obtain the HR. Note: The activity counts output of the MiniMitter Actiheart and CamNtech Actiheart (CamNtech, Cambridge, UK) differ slightly. To utilize the MARS equations in this paper, the activity counts from the CamNtech unit should be multiplied by 5/6 to achieve the same value as the MiniMitter unit (per CamNtech).
Before each test, the calibration of the Actiheart device is confirmed using the Motion Performance Verification System (MiniMitter, Philips Respironics, Bend, OR). Variability of PA measurements both within and between Actiheart monitors was tested using repeated measurements on the Motion Performance Verification System. Intramonitor coefficient of variation was found to be 1.3% and intermonitor coefficient of variation was 4.3% for the eight Actiheart units used in this study. HR measurements of the Actiheart monitors were in perfect agreement with an ECG simulator (Dale Technology, Thornwood, NY) operating at rates of 60 and 120 beats/min. The mean agreement between HR independently measured by the Fukuda instrument and Actiheart was 0.2 Ϯ 0.1% for all subjects.
The Actiheart was affixed on the chest using electrodes (Skintact Premier, Leonhard Lang, Innsbruck, Austria). The main sensor was attached left of the sternum and secured with the adhesive tab on the electrode. The lead was attached parallel along the midclavicular line at the level of the third intercostal space (upper position) or just below the left breast (lower position). Throughout the study, the electrodes were checked and replaced if there was poor adhesion.
At the conclusion of the study, the data were downloaded into Excel. HR and PA data acquisition by Actiheart is set at 15-s intervals. Actiheart data were collapsed into 60-s intervals and aligned with the minute-by-minute EE data. HR data were filtered with an upper cutoff of 240 beats/min and a lower cutoff set at 10 beats/min below the subject's average sleeping HR. For invalid or missing HR values in the development (4.2%) and validation (1.5%) cohorts, HR values measured in the calorimeter by telemetry (DS-3000, Fukuda Denshi) were substituted. In both cohorts, 75% of the subjects had Ͻ10 min of invalid or missing HR. Minute-by-minute EE were summed for discrete physical activities and 24-h periods. Awake and sleep HR were calculated as the average HR for the entire times during which the subject was awake and sleeping. Minimal HR (MinHR) was determined to be the lowest 20-min average of HR during sleep. Sitting HR (SitHR) was the average HR for a 10-min period while the subject was sitting in the upright position watching television.
Room respiration calorimetry. During the 24-h calorimetry, continuous measurements of EE and activity were collected while the children completed a series of physical activities, and also while sleeping and eating. Oxygen consumption and carbon dioxide pro- Values are means Ϯ SD; n, no. of subjects. w, white; b, black; h, Hispanic; a, Asian; BMI, body mass index. duction were measured continuously in a 30-m 3 room calorimeter. The performance of the respiration calorimeters has been described previously (15) . EE was computed using the Weir equation (23) . Oxygen consumption, carbon dioxide production, EE, and HR were averaged at 1-min intervals.
A series of physical activities was completed under supervision in the same order between 9:00 AM and 5:00 PM, with "free-time" and meal time in between measurements. Specific measurements obtained in the room calorimeter included the following: working on a computer for 20 min while sitting in a chair; playing PlayStation 2 games for 20 min in a sitting position; playing Eye Toy in the standing position for 15 min; performing aerobic exercises, as demonstrated on a videotape for 20 min; watching a movie while sitting in a lounge chair for 90 min; sitting in the lounge chair while watching television for 20 min; sitting and assembling a floor puzzle for 15 min; dancing to music for 15 min; basal metabolic rate (BMR) measured under thermoneutral conditions (22-24°C) upon awakening after a 12-h fast for 30 min; and four 10-min sessions on the treadmill (model C942, Precor, Woodinville, WA) set according to the age, capability, and safety of the children, including a slow walk, a 2.5-mph walk, and a fast walk/jog. Activity EE during the awake period was defined as EE-BMR-0.1 EE, assuming that the thermic effect of food is equal to 10% of EE. Except for the BMR measurement, all activities were performed in the fed state. The children were given breakfast at 8:30 am, lunch at 12:00 pm, a snack at 2:45 pm, and dinner at 5:30 pm.
In the validation protocol, unlike the development protocol, some choices were given to the children in completing supervised activities. As in the development protocol, children completed a BMR measurement and watched a movie. Instead of Eye Toy and dancing, each child played the Wii Sports (bowling, tennis, and boxing) and Dance Dance Revolution video games at their own skill level for 20 -30 min each. Two 20-min treadmill sessions were performed where the child selected his or her own speed for a slow walk and a fast walk/jog. In addition, all children walked for 20 min at 2.5 mph.
MARS modeling. The MARS procedure is a nonparametric, splinebased method and makes no assumptions about the underlying functional relationship between the dependent and independent variables. Splines have characteristics that make them important tools for approximating functions or data fitting and numerical analysis. Polynomial splines are at the heart of many techniques for nonparametric regression and function estimation and provide an effective approach to modern nonparametric modeling (7, 22) .
The basic idea behind spline models is to allow potentially different functions (linear or nonlinear) over different intervals. The end points of the intervals are called knots, a key concept underlying spline models. A knot marks the end of one region of data and the beginning of another. The resulting piecewise curve is called a spline. Typically, the end points of the intervals or the locations where the lines or curves meet or are tied together are unknown and must be estimated. MARS is an adaptive procedure for regression and provides an algorithm for selecting possible knot locations.
To explain this type of modeling, let (y ij, xij), i ϭ 1, . . . , N, j ϭ 1, . . . , n i, be the measured minute-by-minute EE and predictors at the jth time point for the ith individual, respectively, where x ij ϭ (xij1, . . . , x ijp) denotes the vector of p possible predictors or covariates, including HR and AC. The aim is to model the dependence of y ij on xij, which is capable of representing the complex nonlinear relationship. The basic model that we shall consider is that the minute-by-minute EE, y ij, of the ith child are generated by an unknown "smooth" function f and additive noise εij. More specifically, we will investigate the following nonparametric regression model:
where the error terms ε ij are mean zero random variables. The aim here is to estimate the unknown function f, assuming as little as possible about its specific form, based on the available data, such that the resultant function is a good approximation and can perform well over the domain of interest.
For notational convenience, we write models here as if there were one series of observations [the data are (y i, xi), xi ϭ (xi1, . . . , xip), i ϭ 1, . . . , N]. Splines are generally defined to be piecewise polynomial functions of some degree q Ͼ 0, the highest power defining the polynomial. The breakpoints marking the transition from one polynomial to the next are referred to as knots (or joint points). For example, a polynomial spline function of degree q Ͼ 0 for a predictor say x with k knots at t 1, . . . , tk can be represented using the following basis functions:
where the "ϩ" means the positive part, so (x Ϫ t)ϩ is equal to (x Ϫ t) if x Ͼ t and is equal to zero otherwise. The set in Eq. 2 is called the truncated power basis of degree q. The set can also be generated using the leftsided truncated basis function (t Ϫ x) ϩ q . Since the function (x Ϫ t) ϩ q has q Ϫ 1 continuous derivatives, higher values of q lead to smoother functions.
Truncated power bases are very useful for understanding the mechanism of spline-based regression. In general, it is possible to handle any complex type of data structure by simply adding more truncated functions to the basis, that is, by increasing the number of knots. However, that might lead to overfitting the data, meaning that the fitted function is following random fluctuations in the data as well as the main features. One could, of course, try pruning the knots to overcome this problem.
Spline-based models require consideration of the degree of polynomials, the number of knots, and the location of knots. The MARS method uses linear truncated power functions as spline basis functions, i.e., fitting of splines of order 1 to each variable. Therefore, the collection of the basis functions is C ϭ {(x j Ϫ t)ϩ, (t Ϫ xj)ϩ} for j ϭ 1, . . . , p and t is an observed value of the predictor xj. In principal, a change of basis does not change the fit, but some bases are more numerically stable and allow computation of fit with greater accuracy. Linear truncated splines are simple and allow rapid updating of the regression model and its coefficients as the knot position is changed.
The fundamental idea of MARS is to use the combination of the linear truncated basis functions to approximate the model. Thus the functions of MARS consist of single spline functions or the product of two or more of the truncated power functions to allow for the interactions. This allows both the additive and the interactive effects of the predictors in determining the response variable. The MARS estimate of the unknown regression function f(x) can be written as an additive function of the product basis functions:
where ␤0 is the coefficient of the constant basis function B0(x) ϭ 1, Bm(x) is the mth basis function, which may be a single spline function or product of two or more, ␤m is the coefficient of the basis function, and M is the number of basis functions in the model. For a given set of basis functions, the unknown parameters in MARS can be determined easily using the least squares criterion (9) . The MARS algorithm starts with the constant basis function B 0(x) in the model. Then, successively at each state, a pair of basis functions are added to the model that produces the largest decrease in residual sum of squares by considering all possible pairs of new basis functions: B m(x)(xj Ϫ t)ϩ and Bm(t Ϫ xj)ϩ, where xj is one of the predictors and t is a new knot in that predictor, and Bm(x) is a basis function currently in the model that does not depend on xj. For example, let x1 and x2 denote two predictors, for example HR and AC, and let t1 and t2 be two knots from their observed values, respectively. The product functions, such as (x1Ϫt1)ϩ · (x2 Ϫ t2)ϩ, will be included in the model to determine whether the effect of a predictor on EE may depend on the value of another predictor, or whether their joint effect on EE depends on both predictors being above certain thresholds. This can aid in building a predictive model for EE, since the linear splines operate locally, and the product term is nonzero only over the small part of the input space where both components are nonzero.
The MARS algorithm searches for all possible knot locations for each variable. The forward stepwise addition procedure can produce a large collection of basis functions, and the process is stopped when a userspecified maximum model size is reached. Then a backward pruning procedure is applied to remove one at a time any nonconstant basis functions that no longer make sufficient contribution to the model. The best-fitting model in stepwise sequence is chosen to minimize the generalized cross-validation criterion of Craven and Wahba (6):
where N is the number of observations, and C(M) is the costcomplexity measure of a model containing M basis functions. The numerator is the sum of squared residuals from the fitted model, and the denominator contains a penalty for model complexity, which is related to the number of parameters estimated in the model. An empirical rule proposed by Friedman (8) will be used to determine C(M).
MARS was developed using R and Salford Systems. Once we obtain the functional form of the MARS model using Salford System, the basis functions as predictors in linear regression equations were implemented using EXCEL.
MARS model evaluation. Goodness-of-fit methods were used to assess and compare competing models based on their agreement between the observed values and model estimates derived from MARS. We analyzed concordance between the observed and predicted TEE. Concordance between two methods indicates the extent to which measurements made by one of the methods can serve as a surrogate for the other. Bland and Altman recommend a graphical method to assess concordance or agreement between two variables (1). Bland and Altman propose to plot the difference vs. the "true" value or mean of the two methods and the "limits of agreement", which are two horizontal lines indicating mean Ϯ twice standard deviation of intraindividual differences. In our application, the observed TEE measured by calorimetry was taken as the "true" value and used on the x-axis.
While the Bland-Altman (1) diagnostic plot of the difference vs. the mean can provide insight into the measurement differences between two methods, it does not provide a single measure of agreement. Krippendorff (10) and Lin (12, 13) considered the concordance correlation coefficient (CCC) that is appropriate for measuring agreement when the data are measured on a continuous scale. The CCC consists of a precision component, the Pearson correlation coefficient, which measures how closely observations lie on the line fit to the data, and an accuracy component, which measures how closely the fitted line deviates from the 45°line through the origin. Therefore, when the concordance correlation is high, with values ranging from 0 to 1.0, we can be more confident about the similarity of the two methods.
Summary statistics. Data are summarized as means Ϯ SD. Descriptive statistics were performed using STATA (release 8.2, StataCorp LP, College Station, TX) and SPSS (release 11.50, SPSS, Chicago, IL).
RESULTS

Subject characteristics.
A description of the 109 and the 61 children and adolescents who participated in the development and validation phases of the study, respectively, is summarized in Table 1 . By design, subjects represented sex, ages 5-18 yr, and a wide range of body sizes. There were no statistically significant differences between the two cohorts in terms of age, weight, height, or BMI z-score. Forty-four percent of the subjects were classified as overweight.
Observed EE, HR, and AC. Mean rates of EE, HR, and AC during the entire 24-h, awake and sleep periods are summa- Table 2 for the development and validation cohorts. The performance of the MARS model is exemplified by the predicted vs. observed minute-by-minute EE values for one subject each in the 24-h development and validation protocols (Figs. 1, A and B, respectively) . Mean physical activity level, defined as the ratio of TEE to BMR, was 1.61 Ϯ 0.15 for the development cohort and 1.54 Ϯ 0.11 for the validation cohort, indicating a slightly higher level of physical activity was achieved in the development cohort, who performed similar tasks at greater intensities. As potential indicators of individual's fitness level, MinHR and SitHR were extracted from individual 24-h files.
Development of MARS models. As a result of our modeling process, the final basis functions utilized subject characteristics, HR and AC, 1-and 2-min lag and lead values of HR and AC, and appropriate interaction terms. Subject-specific variables include age, sex, weight, height, MinHR, and SitHR. First, we examined main effects models and then allowed interaction terms between basis functions. All of the potential knot locations for each of the predictors or main effects were investigated in the developing of the MARS models. For simplicity and ease of interpretation, we only allowed two-way interactions between basis functions, if the model fit substantially improved. Based on the generalized cross-validation criterion (see Eq. 4), the "best" model, i.e., optimal number of basis functions and knot locations, was selected.
Prediction models for rates of EE (kcal/min) were developed for the 24-h period (24-h EE), the awake period (awake EE), the sleep period (sleep EE), and activity (activity EE). The final MARS models are based on linear combinations of 28, 28, 26, and 23 basis functions (BF) for 24-h EE, awake EE, activity EE, and sleep EE, respectively. The basis functions are detailed in Table 3 . The prediction equations for 24-h EE, awake EE, sleep EE, and activity EE models are as follows: Activity EE ͑kcal/min͒ ϭ 0.0008375*BF1 Ϫ 0.0019102*BF2 ϩ0.0000637*BF3 Ϫ 0.0000233*BF4 ϩ 0.0183853*BF5 Ϫ0.0051662*BF6 ϩ 0.0256539*BF7 Ϫ 0.0177271*BF8 ϩ8.58e-06*BF9 Ϫ 0.0000967*BF10 ϩ 0.0000128*BF11 Ϫ0.0001015*BF12 ϩ 0.0000946*BF13 Ϫ 0.0002568*BF14 ϩ0.0003504*BF15 Ϫ 0.0000104*BF16 Ϫ 7.02e Ϫ06 * BF17 ϩ 0.0000195*BF18 ϩ 0.0004015*BF19 Ϫ0.0000711*BF20 Ϫ 0.0058478*MinHR ϩ0.0084682*BF25 Ϫ 2.94e Ϫ 06*BF27 Ϫ0.0000196*BF28 Ϫ0.0001167*BF29 Ϫ 0.0006037*BF30 ϩ 1.
(Model 4)
MARS modeling program ranks independent variables in order of importance, based on the reduction in the goodness of fit. For the 24-h EE model, weight, HR lead 2, AC lag 1, AC, AC lag 2, height, HR lag 2, MinHR, sex, HR lead 1, and SitHR were ranked in descending importance. For awake EE, weight, HR lead 2, AC lag 1, AC lag 2, AC, height, sex, HR lag 2, MinHR, and SitHR were ranked in descending order. For sleep EE, weight, sex, AC lag 2, MinHR, height, age, AC lag 1, HR, HR lead 2, and HR lead 1 were ranked in descending order. For activity EE, height, weight, HR lead 2, AC, AC lag 1, AC lag 2, MinHR, and sex were the important variables in descending order.
Evaluation of the MARS prediction models with the development cohort. Prediction errors of the 24-h EE, awake EE, sleep EE, and activity EE MARS models are presented for the development cohort in Table 4 . The mean percent errors were 0.4 Ϯ 7.3, 0.4 Ϯ 7.2, 0.5 Ϯ 6.4, and 1.5 Ϯ 16.5% for the 24-h, awake, sleep, and activity EE models, respectively. In terms of root mean square error (RMSE), the values were 154, 122, 27, and 108 kcal for 24-h, awake, sleep, and activity periods, respectively. The CCC were 0.959, 0.960, 0.871, and 0.951 for the 24-h, awake, sleep, and activity EE models, respectively.
Application of the awake EE model made a minor reduction in the prediction errors. However, application of the sleep model halved the prediction errors in sleep EE. In addition, prediction errors also were evaluated when the awake EE and sleep EE MARS models were used to predict EE for the respective awake and sleep periods and are presented as the combined model in Table 4 . The combined model performed similarly to the 24-h model.
Validation of the MARS prediction equation with an independent cohort.
Prediction errors of the 24-h EE, awake EE, sleep EE, and activity EE MARS models are presented for the validation cohort in Table 5 . The mean percent errors were Ϫ2.5 Ϯ 7.5, Ϫ2.6 Ϯ 7.8, Ϫ0.3 Ϯ 8.9, and Ϫ11.9 Ϯ 17.9% for the 24-h, awake, sleep, and activity EE models, respectively. The RMSE values were 168, 138, 40, and 122 kcal for 24-h, awake, sleep, and activity periods, respectively. The combined model for 24-h EE performed comparably to the 24-h model. In the validation cohort, 69% of the predicted TEE values for the 24-h model were within 10% of the observed TEE.
Bland-Altman plots of the differences between 24-h TEE observed in the room respiration calorimeter and predicted by the MARS model are presented for the development and validation cohorts in Fig. 2A . The Bland-Altman plots indicate Values are means Ϯ SD.
that the predicted values are in good agreement with the observed TEE. For the validation cohort, the mean absolute error was slightly negative, Ϫ67.8 kcal/day, due to a few outliers, compared with 0.0 kcal/day for the development cohort. The slopes for the Bland-Altman plot in Fig. 2A were Ϫ0.06 [r 2 ϭ 0.04; nonsignificant (NS)] and Ϫ0.09 (r 2 ϭ 0.15; P Ͻ 0.05) for the development and validation cohorts, respectively. While statistically significant for the validation cohort, we do not believe it is scientifically important, as indicated by r 2 . Furthermore, the substantial overlap between the development and validation cohorts indicates concordant model performance in an independent data set. Likewise, the BlandAltman plots for activity EE demonstrate that the predicted values are in good agreement without bias with the observed values in both cohorts (Fig. 2B) . The slopes for the BlandAltman plot in Fig. 2B were Ϫ0.081 (r 2 ϭ 0.03; NS) and Ϫ0.061 (r 2 ϭ 0.02; NS) for the development and validation cohorts, respectively.
Prediction errors for 24-h TEE were not statistically associated with age, sex, weight, height, or BMI. Differences in 24-h TEE observed in the room respiration calorimeter and predicted by the MARS model are displayed as a function of age for the development and validation cohorts in Fig. 3A . Differences between observed and predicted 24-h TEE as a function of sex and overweight status are presented for the development and validation cohorts in Fig. 3B .
Prediction errors using the 24-h model were computed for discrete physical activities ( Table 6 ). The prediction errors expressed in EE (kcal/min) are displayed graphically in Fig. 4 .
DISCUSSION
Accurate and precise population-specific models for the prediction of minute-by-minute EE, and hence TEE, awake EE, sleep EE, and activity EE from HR and AC, were constructed using MARS in children and adolescents. Based on known subject-specific predictors and physiological correlates of EE, MARS captured the complex metabolic and physiological processes that result in the production of EE. MARS is a multivariate nonparametric regression splines method that es- Fig. 2 . Bland-Altman plots of the differences between EE (kcal/day) observed in the room respiration calorimeter and predicted by the 24-h (A) and activity EE (B) multivariate adaptive regression splines (MARS) models for the development and validation cohorts. TEE, total EE. timates complex nonlinear relationships by a series of spline functions of the independent predictors and proved to be applicable to the field of EE. These MARS models represent a significant advancement in field methodology, since their application is laboratory calibration free and prediction errors are acceptable at the level of the individual and approach the errors for the doubly labeled water method in field applications estimated to be between 4 and 8% (17) .
Our final MARS models for the prediction of EE from HR and AC were based on 23-28 basis functions, which utilized subject characteristics, HR and AC, 1-and 2-min lag and lead values of HR and AC, and appropriate interaction terms. Evaluation of the MARS models indicated high concordance or satisfactory fit to the data. The Bland-Altman plots demonstrated good agreement between the observed and predicted TEE and no systematic bias in TEE.
We partitioned TEE into awake and sleep periods to compare the performance of the 24-h EE and awake-and sleepspecific MARS models. Awake EE is the most variable component of TEE among individuals and the most challenging to predict, mostly because of many local features, such as peaks in the data and irregularities of HR and AC profiles. Timevarying variables of HR and AC allow us to distinguish individuals of the same age, sex, and body size, but different physical activity levels. In developing the MARS models, we found that the awake EE dominated the 24-h model in key features and thus the awake EE model performed similarly to the 24-h model. For the sleep period, we demonstrated that sleep EE can be predicted directly using our 24-h or sleep EE MARS models. If EE during sleep is of primary interest, the sleep-specific MARS model is more accurate and might be used. Oftentimes, BMR is predicted from weight and height using age-and sex-specific equations (18) and applied to the sleep period to predict sleep EE. This practice would introduce imprecision and systematic overestimation of sleep EE. For instance, in this study, BMR was 5 Ϯ 7% higher than sleep EE. The combined model is probably not warranted, since the prediction of TEE was not substantially improved by the more complicated process of identifying the sleep and awake periods and applying the separate models for each period to obtain TEE.
In the field of physical activity monitoring, activity EE is of interest. Therefore, we also developed a model for the prediction of activity EE based on subject characteristics, HR and AC. Not surprisingly, activity EE closely tracks EE, since it is an affine transformation of EE. Although the RMSE (122 kcal) was similar to the RMSE for 24-h TEE and awake EE, the percent error was 17.9% due to the smaller denominator in the calculation for activity EE. Although our primary aim was to predict TEE from minute-by-minute EE, we examined errors in predicting EE during discrete physical activities to identify sources of error. Predicted EE of physical activities, on average, agreed within Ϯ5% of observed values without any significant bias.
In our previous publication (25), we used CSTS analysis modeling for predicting minute-by-minute EE and hence TEE from HR and AC and other covariates using the present data set. CSTS is a parametric approach to model a collection of correlated data, taking into account within-individual changes and between-individual heterogeneity. CSTS takes advantage of this correlated structure in forecasting changes in EE based on previous and anticipated data. As in our MARS models, CSTS model incorporated the 1-min and 2-min lagged and lead values of HR or AC. For our population-specific CSTS model, the prediction errors and RMSE (kcal) for the development cohort were 0.9 Ϯ 10.3% and 200.8 for TEE; 0.6 Ϯ 9.9% and 162.4 for awake EE; 1.5 Ϯ 8.7% and 36.6 for sleep EE; and 1.1 Ϯ 16.0% and 107.7 for activity EE. For the CSTS model, the prediction Others also have applied advanced mathematical models to improve upon the prediction of EE using accelerometry and HR monitoring. Branched equation modeling was used to predict activity EE from HR and AC in adults (2) and children (4) . In 12 men using Computer Science and Applications and Polar HR data, mean errors for activity EE during 24-h room calorimetry were Ϫ4.4 Ϯ 29 and 3.5 Ϯ 20.1% for individual and group calibration, respectively (2). In 145 children using Actiheart, the mean bias (RMSE) for six activities was Ϫ43.4 or Ϫ14.2% (115.6 J · kg Ϫ1 · min Ϫ1 ) (4). In the latter study, systematic errors were present for discrete activities, with an overestimation during sedentary activities and an underestimation during jogging.
The novel application of MARS for processing HR and AC data demonstrates that minute-by-minute EE and hence TEE from HR and AC can be predicted accurately and precisely, with errors acceptable at the level of the individual child. Furthermore, our population-specific MARS models do not require individual laboratory calibration, enabling wide application in populations of children and adolescents. MARS models are now computationally feasible techniques, due to recent advances in statistical computing, and provide effective tools to obtain better predictive models for EE. Although the development of MARS models is mathematically complex, once developed, MARS models can be implemented easily in standard statistical programs. MARS modeling makes a significant contribution to field methodology for the estimation of EE.
In conclusion, we have developed and validated MARS models based on HR and AC against room respiration calorimetry for the prediction of 24-h EE, awake EE, sleep EE, and activity EE in children and adolescents. MARS modeling has provided an accurate predictive model of EE based on HR monitoring and accelerometry that requires further validation in independent, free-living populations.
